The circadian clock governs a large array of physiological functions through the transcriptional control of a significant fraction of the genome. Disruption of the clock leads to metabolic disorders, including obesity and diabetes. As food is a potent zeitgeber (ZT) for peripheral clocks, metabolites are implicated as cellular transducers of circadian time for tissues such as the liver. From a comprehensive dataset of over 500 metabolites identified by mass spectrometry, we reveal the coordinate clock-controlled oscillation of many metabolites, including those within the amino acid and carbohydrate metabolic pathways as well as the lipid, nucleotide, and xenobiotic metabolic pathways. Using computational modeling, we present evidence of synergistic nodes between the circadian transcriptome and specific metabolic pathways. Validation of these nodes reveals that diverse metabolic pathways, including the uracil salvage pathway, oscillate in a circadian fashion and in a CLOCK-dependent manner. This integrated map illustrates the coherence within the circadian metabolome, transcriptome, and proteome and how these are connected through specific nodes that operate in concert to achieve metabolic homeostasis.
The circadian clock governs a large array of physiological functions through the transcriptional control of a significant fraction of the genome. Disruption of the clock leads to metabolic disorders, including obesity and diabetes. As food is a potent zeitgeber (ZT) for peripheral clocks, metabolites are implicated as cellular transducers of circadian time for tissues such as the liver. From a comprehensive dataset of over 500 metabolites identified by mass spectrometry, we reveal the coordinate clock-controlled oscillation of many metabolites, including those within the amino acid and carbohydrate metabolic pathways as well as the lipid, nucleotide, and xenobiotic metabolic pathways. Using computational modeling, we present evidence of synergistic nodes between the circadian transcriptome and specific metabolic pathways. Validation of these nodes reveals that diverse metabolic pathways, including the uracil salvage pathway, oscillate in a circadian fashion and in a CLOCK-dependent manner. This integrated map illustrates the coherence within the circadian metabolome, transcriptome, and proteome and how these are connected through specific nodes that operate in concert to achieve metabolic homeostasis.
metabolism | diurnal | CircadiOmics | hepatic C ircadian rhythms exist within a wide range of biological processes and control numerous aspects of physiology, including the sleep/wake cycle, eating, hormone and neurotransmitter secretion, and even cognitive function (1) (2) (3) (4) . Integral to the modern lifestyle is the ability to eat, sleep, work, exercise, and socialize around the clock and yet these allowances may serve as a preamble to obesity and other metabolic disorders. Recent studies reveal that a distorted circadian cycle can lead to aberrations in metabolism, producing symptoms such as obesity, insulin resistance, and others consistent with the metabolic syndrome (5) (6) (7) (8) (9) . Whereas studies focused on night-shift and rotating shift workers emphasize the link between circadian rhythmicity and metabolism, rodent models of circadian arrhythmia also support this link (10) (11) (12) (13) . As an essential modulator of metabolism in vivo, the liver provides a cardinal domain in which to study interactions between the clock and metabolism as much of the liver transcriptome and proteome oscillates in expression or activity. These circadian characteristics of the liver are dependent largely on the zeitgeber (ZT), food (14) (15) (16) (17) (18) (19) (20) (21) .
Precision within the circadian clock depends on nuclear transcriptional and translational feedback loops, but recent evidence that circadian, nontranscriptional, and nontranslational cytosolic rhythms crosstalk with nuclear rhythms to maintain circadian timing provides support for the idea that metabolites may affect the transcriptional-translational canonical clock system and vice versa (22, 23) . Some biochemical oscillations have been shown to cycle in a circadian fashion, such as calcium, 3′-5′-cyclic adenosine monophosphate (cAMP) and nicotinamide (NAD + ) (24) (25) (26) (27) . These oscillations feed into the clock system and can modulate circadian dynamics in vivo. Several blood metabolites have also been observed to oscillate, the oscillation of which depends on an intact endogenous clock (28) . A comprehensive diurnal liver metabolome has never been deciphered, however. As an organ involved in glycogen storage, the production of bile acids, and the storage and provider of numerous amino acids and vitamins for the rest of the body, the circadian oscillation of metabolic function within the liver is seminal to understanding circadian physiology.
To determine whether liver metabolites oscillate in a diurnal fashion and to determine the extent to which their presence is Clock controlled, liver samples from wild-type and Clock-deficient (Clock −/− ) mice were prepared for GC/MS and LC/MS/ MS analysis. We present a computational platform that encompasses this metabolite data, validated data concerning oscillating metabolic enzymes, and data covering interactions between oscillating metabolites from different metabolic pathways. To convey this information, we created a database entitled "CircadiOmics," which forms a consolidated model of how the daily metabolome, transcriptome, and proteome might work together to achieve metabolic homeostasis. Validation of these nodes experimentally reveals the remarkable interconnectedness of the liver metabolome and the hepatic circadian clock system.
Results
Liver Metabolome Undergoes Daily Oscillations. To determine whether liver metabolites oscillate in a 24-h fashion in vivo, livers from WT and Clock −/− mice were analyzed by liquid and gas chromatography and tandem mass spectrometry (n = 5 per time point per genotype). Animals were maintained in a 12-h light/dark (LD) cycle for the duration of the experiment and tissues were collected every 6 h throughout the day. For each sample, metabolic analyses were performed using ultrahigh performance liquid chromatography/tandem mass spectrometry (UHPLC/MS/MS) and GC/MS. MS/MS data were searched against a standard library (Methods) (29) . (For a full list of metabolites, see Dataset S1 and http://circadiomics.igb.uci.edu/). Spectra for 538 metabolites were obtained. Metabolites that showed time or genotype main effects were grouped on the basis of their major pathway ( Fig. 1 and Fig. S1 ). A majority of amino acid and xenobiotic metabolites peaked at night (ZT15-ZT21), whereas peak abundance of nucleotide, carbohydrate, and lipid metabolites occurred at ZT9 (Fig. 2) . Of the 538 total metabolites measured, 172 showed a time main effect (P < 0.05, ANOVA) and 132 showed a genotype main effect (P < 0.05, ANOVA) (SI Methods). Of 309 named metabolites (detectable compounds of known identity), 100 showed a time main effect and 73 showed a genotype main effect. A nonparametric algorithm, JTK_CYCLE, was used to detect metabolites that displayed 24-h rhythmicity (Datasets S2, S3, and S4) (30) . By JTK_CYCLE, 60 metabolites were detected as oscillating in a diurnal fashion in WT livers (P < 0.05). (In Clockdeficient livers, 21 metabolites were detected as oscillatory when P < 0.05, but only 7 were oscillatory when P ≤ 0.01.) Of those 7, 6 also oscillated in WT livers (Fig. S2 ).
Clock-Driven Metabolome. It has been reported that Clock-deficient mice are rhythmic in the brain due to the presence of the CLOCK paralog, NPAS2 (31) . However, peripheral clocks are arrhythmic in the absence of systemic cues. In vivo, the patterns of liver gene expression are altered in a gene-specific manner (31) (32) (33) . Comparisons between metabolite abundance in the livers of WT and Clock-deficient mice revealed multiple deviations at all zeitgeber times compared (Fig. S3) .
Metabolic pathways were broken down into general subpathways to determine whether some specificity is attained within the diurnal metabolome in vivo. As many metabolites are involved in multiple different metabolic pathways, subpathways convey the pathways to which a given metabolite is most closely associated, not exclusively associated. Variations in the percentage of subpathway metabolites were noted within each metabolic pathway. For example, within lysine metabolism all six metabolites showed either a time or genotype main effect, whereas only one of five metabolites in the tryptophan metabolic pathway demonstrated a time or genotype main effect ( Fig. 3 and Fig. S2 ). All three metabolites associated with nicotinate metabolism demonstrated a time main effect (NAD + , P < 0.001; NAM, P = 0.008; and N′-methylnicotinate, P = 0.03). NAD + levels also demonstrated a genotype:time interaction. NAD + levels were depressed in Clock −/− mice at ZT9 (Clock −/− /WT = 0.71, P = 0.038). These findings are important because rhythmicity of NAD + and its contribution to clock maintenance has previously been demonstrated (26, 27) , and NAD + occupies a central position connecting most circadian metabolic pathways.
Some subpathways showed cohesiveness among metabolites in terms of peak time expression. Specifically, the long chain fatty acids that changed over time [margarate (17:0), 10-heptadecenoate (17:1n7), and oleate (18:1n9)] all peaked at ZT9. All five of the fatty acids identified that are predominantly acquired from the diet or are essential [linoleate (18:2n6), dihomolinolenate (20:3n3 or n6), eicosapentaenoate (EPA; 20:5n3), docosapentaenoate (n3 DPA; 22:5n3), and docosahexaenoate (DHA; 22:6n3)] also changed cohesively over time. Of these, 18:2n6 and 20:5n3 demonstrated 24-h rhythmicity in WT but not Clock-deficient livers (Datasets S1, S2, S3, and S4). Furthermore, all four of the food component/plant subpathway metabolites (daidzein, genistein, equol, and stachydrine) peaked during the night, with three of the four peaking at ZT21. Bile acids also showed a preference for peak time expression, which occurred at ZT3 for five of the six bile acids having a time main effect.
Prediction of Diurnal Phenotypes by Metabolome Analysis. Several food-derived biochemicals were altered in Clock-deficient livers and bile acids generally failed to oscillate (Fig. S4) . As food functions as a strong zeitgeber for the liver (18, 19, 34) , these data suggested that Clock −/− mice may have a yet unappreciated metabolic phenotype. Metabolic attributes of Clock-deficient animals have been less studied compared with the Clock (c/c) mutant animal (but see ref. 35) , which is arrhythmic in constant darkness, obese, and shows attributes consistent with the metabolic syndrome (11, 13) . WT and Clock −/− mice were analyzed by indirect calorimetry for CO 2 emission, O 2 consumption, and energy intake. The respiratory exchange ratio (RER) and heat were also calculated ( Fig. 4 and Fig. S4 ). Whereas Clock .07 g ± 0.5789 g; P = 0.0152, Mann-Whitney u test), the 24-h energy intake was unchanged ( Fig. 4 A, Left and B) . However, when normalized to body weight, Clock −/− mice appear to consume less food during the night (Fig. 4A, Right) and began consuming food ( Fig. 4C, red ; arrow ∼ZT8). This premature activity is in keeping with previously reported data showing an early onset of nightly bout activity (32) . Energy intake during the period ZT8-ZT12 in Clock −/− animals corresponded with an increase in RER, indicating that Clock −/− mice burned more carbohydrates during this late-phase resting period (Fig. 4D) . However, RER was generally lower during the night in Clock −/− animals ( Fig. 4E ), (main effect of genotype, P < 0.001; main effect of time, P < 0.001; two-way ANOVA, day and night values an average of two 24-h periods) and oxygen consumption was also dampened throughout the daily cycle, revealing decreased energy demands (Fig. 4F) . Interestingly, metabolic analysis revealed that, whereas hepatic food-derived biochemicals increased in WT animals at ZT15 and ZT21, these metabolites did not oscillate in Clock −/− mice and generally showed increased concentrations at ZT9. Thus, the liver metabolome provided valuable information regarding the metabolic and physiological functions of the clock in vivo.
Constructing a Map of the Diurnal Metabolome. To better understand how the diurnal metabolome might function on the backdrop of already known oscillating and metabolic events in the liver, we developed a computational platform called CircadiOmics to integrate and visualize circadian rhythm and omic data from multiple sources. Specifically, CircadiOmics integrates data encompassing the following: (i) metabolic pathways and reactions from Kyoto Encyclopedia of Genes and Genomes (KEGG) (36) (37) (38) , (ii) oscillating gene expression patterns from previously reported high-resolution DNA microarrays (39, 40) , (iii) proteinprotein interactions from multiple protein-protein interaction databases (41) (42) (43) , (iv) binding data from hepatic Bmal1 ChIP-seq experiments (44), (v) putative transcription factor-enzyme regulatory relationships from MotifMap (45, 46) , and (vi) the metabolomic profile from wild-type and Clock −/− liver samples. Whereas each of these datasets comes with its own noise and limitations, it is through their integration that different lines of evidence can be combined to achieve a more global and robust view of 24-h rhythms. This integrated platform enabled us to derive a unique comprehensive map of the in vivo daily metabolome in liver cells (SI Methods and Figs. S5-S8). The 3 nodes in the map are composed of the following: (i) named metabolites, (ii) enzymes directly related to the named metabolites, and (iii) transcription factors that may regulate the enzymes, adding up to over 2,700 nodes. The four edges in the map correspond to the following: (i) enzyme-metabolite edges extracted from KEGG, (ii) metabolitemetabolite edges drawn between any pair of metabolites that participate in a common reaction, (iii) protein-protein interaction edges from protein-protein interaction databases, and (iv) transcription factor-enzyme edges extracted from MotifMap or ChIPseq data. Over 9,500 edges are depicted. The mapping process is summarized as a flowchart (Fig. S6) . To manage the complexity of this map, we have provided metabolite centric views of the subnetworks that surround each named metabolite (Figs. S5 and S7). These views are freely accessible through the CircadiOmics Website (http://circadiomics.igb.uci.edu). The Website allows users to search for any of the named metabolites and view experimental metabolite levels and statistics for WT vs. Clock −/− Fig. 3 . Rhythmicity in metabolic subpathways. Metabolic pathway representation by subpathways and the percent of metabolites altered within each relative to genotype or time (only subpathways with ≥3 metabolites are graphed). The observed peak time (ZT hour) of metabolites within specific subpathways is shown on the right. ZT hour is denoted if all or the majority of metabolites identified within the category peak at one ZT. "Mult." stands for "multiple" and refers to metabolite peaks within the subpathway that were distributed across multiple zeitgeber times. Dashes indicate that no metabolite within the subfamily showed altered abundance over time. Such subpathways include metabolites that were only altered in the Clock −/− livers, and were not changed over time or oscillatory in expression patterns (where % greater than 0 is indicated) (*, glycolysis; **, gluconeogenesis). livers, as well as the subnetwork associated with each metabolite. The subnetwork includes all of the enzymes that catalyze a reaction in which the metabolite participates, other metabolites that coreact with the metabolite of interest, transcription factors with putative binding sites in the promoter regions (up to 8 kbp upstream) of the genes encoding the enzymes, and protein-protein interactors of these enzymes. The corresponding edges are displayed together with the Bmal1 ChIP-seq mouse liver binding data edges. The gene node graphics show the circadian mouse liver gene expression, and the metabolite node graphics show the metabolite levels in WT and Clock −/− livers. The network and its subnetworks can be explored and rearranged interactively, providing a comprehensive system-level view of the circadian molecular pathways.
Connections Between Metabolic Nodes and Transcription Nodes. The validity of our created metabolite nodes was tested experimentally. Fig. 5 provides an example of a node that typifies the prominent interfaces found in this study between the diurnal liver metabolome and transcriptome. Within the uracil-containing pyrimidine metabolic pathway, uridine oscillated in WT livers, whereas a remarkable absence in oscillation was observed in Clock −/− mice ( Fig. 5 A and C) . Uracil showed an oscillation in WT mice that was antiphase to uridine and like uridine, it did not oscillate in Clock −/− livers (Fig. 5C ). Uridine levels were elevated in the mutant livers (ZT9 Clock −/− /WT = 1.550, q = 0.054, P < 0.001; ZT15 Clock −/− /WT, P < 0.001). Values of uracil showed time and genotype main effects (P = 0.012 and P < 0.001, respectively, two-way ANOVA), and uridine values showed time and genotype main effects (P = 0.008 and P = 0.001, respectively, two-way ANOVA) as well as a genotype:time interaction. Within the metabolic node, a number of regulatory enzymes, including uridine phosphorylase 2 (UPP2), were implicated (Fig. 5A) . UPP2 is essential for pyrimidine salvage and catalyzes the cleavage of uridine to uracil and ribose-1-phosphate (Fig. 5B) (47, 48) . To assess the expression of Upp2 in vivo, mRNA was analyzed in WT and Clock −/− livers. Upp2 was found to oscillate in a diurnal fashion (n = 5-8 livers per zeitgeber time, per genotype) with a peak at ZT15. Upp2 oscillation was considerably reduced in Clock −/− mice ( Fig. 5E ) (main effect of genotype, P = 0.020, twoway ANOVA), correlating with the increased uridine but depressed uracil levels. UPP2 protein also showed an oscillation throughout the diurnal cycle (Fig. 5F ). Analysis of the Upp2 promoter by MotifMap showed numerous E boxes upstream of the transcriptional start site. Chromatin immunoprecipitation analysis revealed that CLOCK binds to this region of the Upp2 promoter in a diurnal fashion, with a peak at ZT15 (Fig. 5G ). To verify that CLOCK binding followed the expected profile of binding on other target sites in the same livers, CLOCK binding to the Dbp promoter was analyzed in the same WT and Clock −/− livers. As expected, CLOCK binding to upstream Dbp regulatory elements showed the expected circadian profile, with a peak at ZT9 (Fig.  S9 ) and Dbp and Per2 expression profiles matched those previously reported (32) . Whereas Upp2 appears to be directly regulated by the circadian clock machinery, the elevated levels of uridine at ZT21 may reflect further circadian regulation of this metabolite, as UPP2 protein remains high at this time point. Elevated levels of ribose-1-phosphate can drive the reaction in the opposite direction; therefore, one possibility is that the reaction begins to reverse between ZT15 and ZT21 (49) . Another possibility is that the rapid increase in uridine levels at ZT21 reflects the rate of uridine taken up by the liver from the portal drainage (50) .
Some metabolite nodes, such as the urea node, contained several metabolites having a time main effect. Urea, ornithine, and citrulline all showed diurnal variation (http://circadiomics. igb.uci.edu). Exploration of other nodes revealed that some metabolites were not rhythmic in WT livers yet were altered in Clock −/− livers. The citrate and arachidate (C20:0) nodes fit this description (Figs. S7A and S8A ). Within these networks, citrate synthase and several acyl-CoA-thioesterases (ACOTs) were identified, the expressions of which were found to be severely abnormal in Clock −/− livers (Figs. S7 and S8).
Circadian Clock Connects the Hepatic Metabolome and Transcriptome. Circadian physiology reveals that strong connections between the circadian clock and cellular metabolism exist (1, (51) (52) (53) (54) (55) (56) , but the extent to which these occur and the nature of these interactions have been largely unappreciated. This study reveals a comprehensive and integrative map of the diurnal metabolome in the liver and provides a detailed depiction of the dynamic interfaces between the metabolome, proteome, and transcriptome. In addition to revealing scores of oscillating metabolites in the liver, this study demonstrates that the liver metabolome is dependent in part on local effects of the circadian clock transcriptional machinery, as exemplified by CLOCK binding to the Upp2 promoter. As evidenced by metabolites that oscillate in WT and Clock −/− mouse livers but whose normalized expression differs, however, it is likely that some metabolic pathways depend more on zeitgebers (such as food or light) or an interaction of zeitgeber and CLOCK-driven mechanisms. For example, NAD + has been shown to increase in the liver during fasting but decrease after refeeding (57) . Consistent with this finding, our data show levels of NAD + rising in the liver of WT mice during the late phase of the resting period but failing to do so in Clock −/− mice. Whereas this reduction of NAD + may reflect the diurnal consumption of food in Clock −/− mice, our work has previously demonstrated the role of CLOCK in the regulation of the NAD + salvage pathway (27) . Interestingly, the aberrant pattern of food-related biochemicals and bile acids in the Clock −/− livers strongly suggests that the suprachiasmatic nucleus and hypothalamic cues associated with rhythmic food intake are disrupted in these animals. The molecular events responsible for this advanced daily food consumption may be related to the causes underlying human diseases such as night eating syndrome (NES) where individuals wake during the night to consume food (58) (59) (60) 
Discussion
The growing evidence that circadian disruption impinges on metabolic homeostasis has created the need for a deeper understanding of the interplay between circadian and metabolic processes. From the context of the liver's role in energy homeostasis and drug metabolism, the integration of the circadian transcriptome and metabolome should provide valuable insights into circadian physiology and disease treatment. For example, uridine homeostasis is important for spermatogenesis, vascular resistance, and neuronal function, and uridine levels are critically important in preventing the toxicity normally associated with 5-fluorouracil-based drug regimens (49) . Furthermore, our study shows the urea cycle to be controlled in a 24-h manner. Because the deamination of amino acids produces levels of ammonia that could be life threatening, its elimination via conversion to urea is essential for survival. Proteomic analysis reveals that members of the urea cycle oscillate in the liver (14, 28) , and urea has been reported to oscillate in the blood of several species (28, (61) (62) (63) (64) (65) . As blood flow into the liver is a circadian event, it is possible that some metabolites represent physiological oscillations that are independent of hepatocyte production; however, these still reflect the changing diurnal landscape of hepatic metabolism.
Node validation studies reveal a striking number of enzymes implicated in deregulation of metabolites in the Clock −/− livers. Enzymes contributing to pyrimidine salvage (UPP2), lipid metabolism (ACOTs), and the Krebs cycle (citrate synthase, CS) pathways are deregulated in Clock −/− livers. Importantly, aberrant regulation of these enzymes was predicted by metabolite nodes, expressly demonstrating the interconnectedness of the hepatic circadian clock with the hepatic metabolome and transcriptome as well as the utility of the CircadiOmics dataset. Whereas this interconnectedness is clearly demonstrated in the nodes investigated thus far, the presence of a few rhythmic metabolites in the Clock −/− livers underscores the complexity of circadian rhythmicity at the systems level. For example, catechol sulfate abundance is rhythmic in Clock −/− livers. Catechol is found naturally in fruits and vegetables; however, its sulfation occurs in the intestine. As energy intake is primarily (although not exclusively) centrally controlled, substances such as catechol sulfate are either a reflection that some aspects of both central rhythmicity (energy intake) and peripheral rhythmicity (i.e., sulfation) are maintained or that the lack of precision centrally can be compensated by an intact peripheral pathway.
In summary, a diurnal metabolome exists in the liver, where it is controlled by zeitgebers and the transcriptional machinery of the circadian clock itself. CircadiOmics promises to advance our understanding of the global networks that exist within the liver and allow a deeper comprehension of the many and inseparable links between metabolism and circadian rhythmicity.
Methods
Mice. Clock-deficient (Clock −/− ) animals were a gift from S. Reppert (Worcester, MA) (32) . Experiments were performed in conformity with the institutional animal care and use committee guidelines at the University of California at Irvine. Mice were fed ad libitum. Heterozygous mating pairs were used for breeding so that WT and Clock −/− littermates could be generated for experiments.
Global Metabolic Profiling. Adult, age-matched, male WT and Clock −/− mice were used for liver metabolic profiling. ZT0 corresponded to lights on and ZT12 to lights off in the animal facility. Livers were harvested, rinsed in PBS, and rapidly frozen in liquid nitrogen. The metabolic profiling platform used by Metabolon combines three independent platforms: UHPLC/MS/MS optimized for basic species, UHPLC/MS/MS optimized for acidic species, and GC/ MS (66) . Details of sample preparation and data analysis are described in SI Methods.
Indirect Calorimetry. Indirect calorimetry was performed using negative-flow CLAMS hardware system cages (Columbus Instruments). VO 2 , VCO 2 , and food intake were measured. RER (VCO 2 /VO 2 ) was calculated with Oxymax software (Columbus Instruments).
Preparation of cDNA and Quantitative Real-Time Reverse Transcription. RNA was isolated and cDNA prepared as previously described (67 CircadiOmics. We developed a computational framework that integrates the above-described liver metabolome data with the following sources of information: KEGG, Circa and GEO, BioGRID, IntAct and MINT, Bmal1 ChIP-seq, and MotifMap. This integration is described in detail in SI Methods. Data integration was carried out using code written in Python and charts were created using Google Chart API and visualized using Cytoscape (version 2.8) (73) . All data are freely available at the CircadiOmics Website (http://circadiomics.igb.uci.edu).
Statistics. Data represent mean ± SEM. In circadian experiments with two variables, statistical significance was calculated by two-way ANOVA using Bonferroni posttests to compare replicate means (Prism 3.0). A P value of <0.05 was considered statistically significant. Mann-Whitney u tests were used to determine significance between two independent samples. For analysis of rhythmic metabolites, the nonparametric test, JTK_CYCLE, was used incorporating a window of 20-28 h for the determination of circadian periodicity (30) . Venn diagrams were made with Venny (http://bioinfogp. cnb.csic.es/tools/venny/index.html).
Statistical Analysis for Metabolite Profiling. Statistical Analysis for Metabolite
Profiling appears in SI Methods.
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SI Methods
Global Metabolic Profiling. Livers from age-matched, adult, male mice from WT and Clock −/− were used for liver isolation at zeitgeber (ZT)3, ZT9, ZT15, and ZT21, with ZT0 corresponding to lights on and ZT12 corresponding to lights off in the animal facility. Animals were housed in a 12-h light/12-h dark schedule. Livers were harvested, rinsed briefly in PBS, and immediately frozen in liquid nitrogen. Frozen liver samples were shipped to Metabolon. The metabolic profiling platform used for this kind of analysis by Metabolon combines three independent platforms: ultrahigh performance liquid chromatography/tandem mass spectrometry (UHPLC/MS/MS) optimized for basic species, UHPLC/MS/MS optimized for acidic species, and gas chromatography/mass spectrometry (GC/MS) (1). It was recently shown that this integrated platform enables the high-throughput collection and relative quantitative analysis of analytical data and identifies a large number and broad spectrum of molecules with a high degree of confidence (2) . Briefly, a comparable amount of liver tissue from each replicate animal for WT and Clock −/− was used. Samples were processed essentially as described previously (2-4). Tissue was homogenized in a 5× volume of water (wt:vol) by the addition of grinding beads and shaking at the rate of 1,000 strokes per minute for 5 min using a GlennMills GenoGrinder 2000. A total of 100 μL of homogenate was withdrawn for subsequent analyses. Using an automated liquid handler (Hamilton LabStar), protein was precipitated from the homogenate with 450 μL of HPLC-grade methanol that contained four standards to report on extraction efficiency. Samples were shaken for 2 min then centrifuged for 5 min. The resulting supernatant was split into equal aliquots of 110 μL for analysis on the three platforms, with a fourth aliquot reserved for backup. Aliquots, dried under nitrogen and vacuum desiccated, were subsequently either reconstituted in 0.1% formic acid in water (100 μL, acidic conditions) or in 6.5 mM ammonium bicarbonate in water, pH 8 (100 μL, basic conditions) for the two UHPLC/MS/MS analyses or derivatized to a final volume of 50 μL for GC/MS analysis using equal parts bistrimethyl-silyl-trifluoroacetamide and solvent mixture acetonitrile:dichloromethane:cyclohexane (5:4:1) with 5% triethylamine (vol/vol) at 60°C for 1 h. In addition, three types of controls were analyzed in concert with the experimental samples: samples generated from pooled experimental samples served as technical replicates throughout the dataset, extracted water samples served as process blanks, and a mixture of standards spiked into every analyzed sample allowed instrument performance monitoring. Experimental samples and controls were randomized across a 2-d platform run. For UHPLC/MS/MS analysis, aliquots were separated using a Waters Acquity UPLC (Waters) and analyzed using an LTQ mass spectrometer (Thermo Fisher Scientific), which consisted of an electrospray ionization source and linear iontrap mass analyzer. The MS instrument scanned 99-1,000 m/z and alternated between MS and MS/MS scans using dynamic exclusion with ∼6 scans per second. Derivatized samples for GC/MS were separated on a 5% phenyldimethyl silicone column with helium as the carrier gas and a temperature ramp from 60°C to 340°C and then analyzed on a Thermo-Finnigan Trace DSQ MS (Thermo Fisher Scientific) operated at unit mass resolving power with electron impact ionization and a 50-750 atomic mass unit scan range. Metabolites were identified by automated comparison of the ion features in the experimental samples to a reference library of chemical standard entries that included retention time, molecular weight (m/z), preferred adducts, and in-source fragments as well as associated MS spectra and were curated by visual inspection for quality control using software developed at Metabolon (5).
CircadiOmics. We developed a computational framework that integrates the above-described liver metabolome data with the following sources of information: Kyoto Encyclopedia of Genes and Genomes (KEGG), Circa and GEO, BioGRID, IntAct and MINT, Bmal1 ChIP-seq, and MotifMap. KEGG. KEGG (6-8) contains pathway information for metabolism and other cellular processes, manually curated from the literature. We were able to map 223 of the 309 named metabolites to known KEGG pathways using the KEGG application programming interface (8) . For each metabolite, we extracted all of the enzymes associated with reactions where the metabolite appears as a substrate or a product. Circa and GEO. Circa (9) and GEO (10) provide tissue-specific circadian gene expression profiles obtained from high-resolution DNA microarray experiments. Briefly, gene expression in liver cells was measured every hour for 48 h using microarrays. These data were downloaded from GEO (GSE13093) and the time lines were synchronized with the metabolome data to yield a complete 24-h cycle. The data were also used to carefully filter the list of genes used in the networks, retaining only genes that have significant expression levels in the relevant condition (mouse liver, WT, and thereby removing some protein-protein, transcription factor-enzyme, and enzyme-metabolite edges that may be spurious. BioGRID, IntAct, and MINT. These databases (11-13) were used to extract the list of protein-protein interactions for the various enzymes and transcription factors. Bmal1 ChIP-seq. Chromatin immunoprecipitation-based analysis along with bioinformatics and high-throughput DNA microarrays were used to generate a genome-wide expression profile for Bmal1 in the liver (14) . MotifMap. MotifMap (15, 16) is the most comprehensive database of putative regulatory transcription factor binding sites. The mouse transcription factor binding matrices come from two major sources, TRANSFAC (17) and Jaspar (10) and encompass over 800 binding matrices, corresponding to over 400 distinct transcription factors. Briefly, each position weight matrix is used to scan the mouse genome for potential binding sites. Every site is assigned the following three scores: (i) motif matching score (Z score); (ii) conservation score (Bayesian branch length score, BBLS), calculated using a multiple alignment of 30 genomes from mouse to zebrafish; and (iii) false discovery rate (FDR), obtained by shuffling the columns of the binding matrix and using Monte Carlo methods. We retained only those sites for which the Z score was greater than 4.0, BBLS was greater than or equal to 0.5, and FDR less than or equal to 0.1. RNA was isolated and cDNA prepared as previously described (18) . The primers for ChIP, semiquantitative PCR, and real-time qPCR were obtained from refs. 18-22 or One hundred micrograms of frozen (previously unthawed after frozen) liver tissue was minced in PBS containing protease inhibitors. Minced tissue was crosslinked with DSG (2 mM final) in PBS containing MgCl (10 mM final) for 45 min at 25°C. Formaldehyde (1% final) was added for additional crosslinking at 25°C for 15 min. Samples were spun at low speed and resuspended in PBS with protease inhibitors for homogenization. Following homogenization, samples were spun at low speed and resuspended in 2 mL ChIP sonication buffer (1% Triton X-100, 50 mM Tris, pH 8.1, 5 mM EDTA, 0.1% deoxycholate, 150 mM NaCl) containing protease inhibitors. Following sonication, samples were spun at 16,000 × g in a microcentrifuge and supernatants were diluted 1:4 in ChIP dilution buffer (0.01% SDS, 1.1% Triton X-100, 1.2 mM EDTA, 16.7 mM Tris, pH 8.1, 167 mM NaCl), and immunoprecipitated with α-CLOCK antibody (Santa Cruz; sc-6927) or control IgG overnight. Protein:DNA complexes were captured with blocked protein G-agarose beads and following elution, reverse crosslinking, proteinase K digestion, extraction, and precipitation (as described in ref. 23 ), ChIP samples were diluted in 120 μL ddH 2 0. Six microliters of each ChIP sample was used for qPCR analysis by primers spanning E box containing regions in the Upp2 and Dbp promoters (for primer sequences, see Methods for qPCR).
Statistical Analysis for Metabolite Profiling. Data from each experimental group were assessed through replicates (n = 5) for representative mean and image. For statistical analyses and data display purposes of the metabolomics data, any missing values were assumed to be below the limits of detection; these values were imputed with the compound minimum (minimum value imputation). The analysis for this paper was generated using Array Studio software. Array Studio, Array Viewer, and Array Server and all other Omicsoft products or service names are registered trademarks or trademarks of Omicsoft. F tests resulting from the two-way ANOVA were used to identify biochemicals that differed significantly between Clock −/− and wild-type groups at each time point; P < 0.05 was considered significant. Multiple comparisons were accounted for by estimating the false discovery rate using q values (24) .
Permutation Tests. Additional statistical analysis of how circadian the different trajectories were involved choosing mice at random at each time point (for instance, an observation from mouse 1 for ZT3, mouse 3 for ZT9, mouse 2 for ZT15, and mouse 5 for ZT21). This can be done in 5 4 = 625 possible ways (five mice to choose from at each of the four time points) for each metabolite. Generation of all 625 different trajectories for each metabolite in each condition was accomplished and the exact number of these trajectories that passed a P value of 0.05 in the JTK_Cycle software, and computed the permutation test score was counted: (permutation test score = number of circadian time trajectories using JTK_Cycle/total number of possible trajectories [= 625]. These results are now included in Dataset S4, under Permutation Test.) Dataset S1. Heat map of statistically significant biochemicals in WT and Clock-deficient mouse livers
Dataset S1 (XLSX)
Heat map metabolites are grouped according to their metabolic pathway and subpathway. Cells containing numerical fold change values show the relative abundance of the metabolite in the Clock-deficient liver divided by the relative abundance of the metabolite in WT liver at that same zeitgeber time (ZT3, ZT9, ZT15, and ZT21). Red shading within cells indicates that the mean values are significantly higher for the comparison, whereas green shading demonstrates a significantly lower value. All red and green shaded cells meet significance. Fold change numbers that are in blue and bold font have a P value of <0.10. Blue shaded cells indicate which metabolites show a main effect of time, a main effect of genotype, or a time:genotype interaction (P < 0.05, two-way ANOVA).
Dataset S2. Metabolites with circadian periodicity in WT livers as analyzed by JTK_CYCLE Dataset S2 (XLSX) Metabolite expression profiles were analyzed using a nonparametric algorithm (JTK_CYCLE) to determine whether circadian periodicity could be detected. Data are organized according to the adjusted P value for all WT metabolites identified in the study.
Dataset S3. Metabolites with circadian periodicity in Clock-deficient livers as analyzed by JTK_CYCLE
Dataset S3 (XLSX)
Metabolite expression profiles were analyzed using a nonparametric algorithm (JTK_CYCLE) to determine whether circadian periodicity could be detected. Data are organized according to the adjusted P value for all metabolites identified in the study for Clock-deficient livers.
Dataset S4. JTK_CYCLE and ANOVA analysis for all identified metabolites
Dataset S4 (XLSX) JTK_CYCLE and ANOVA P and q values for all metabolites as well as permutation test scores.
